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Real Use Cases in the News

New Global Coalition of Tech,
Climate Groups Will Combine

ATl and Satellites to Monitor U.S. Department of Energy to Provide $16
NI o % Million for Machine Learning and
Machine learning reduces hazards in GHG Emissions Worldwide in Artificial Intelligence Research
nuclear power plants Real Time
Nuclear Facilities Hazards Carbon Tracking Managing Complex Systems
L $800k in DOE funding O Using sensors and satellite imagery L $16M in funding

Q Collecting data and leveraging O one goal is to enhance prediction

to measure greenhouse gas

models to predict the likelihood of and simulation for physical sciences

emissions (GHG)
hazards that would impact nuclear Q Monitoring shippine, oil & gas, power L Another goal is to create decision-

facilities and agriculture support models to make or aid in

0 Goalis to improve employee Q The goal is to measure and monitor complex decisions

safety and environmental safety global emissions across industries

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Renewable Generation Forecasting

That is why utilities try to implement “Top Down Approach” -, to understand how weather impact the
wind generation and ”“Bottom Up Approach” — would to leverage the sensors on or near wind farm to

collect the real information to update the forecast.

* Predicting regional wind generation in Midcontinent ISO
Central Region

* Windis low cost, and prominent in this region, but can also
disrupt the expected dispatch of resources

* The fluctuations can cause price volatility, frequency
disturbance and congestion if forecasts are incorrect

* Many utilities would like to leverage sensors on or near wind

farms and solar facilities to collect real-time information for (" Generating_Unit_Capacity
3 o Size By Nameplate_Capacity MW
consistently updated forecasts of generation ) Saona i
O 500101000
MISO Wind Capacity (MW) O 10010500
o 50 to 100
a,ooo =] 10to 50

= —4 o 0to10
= Generating_Unit_Capacity
Q 6.000 Color By Primary_Fuel_SubCategory
.7 Bl Coal
g- Bl Gas
o EE  Geo
2 4,000 o, [
= Bl N
% Bl Renew
E 2,000 1 e 3  solar
: Lo i, 25

- b | Wind

[ — ] __-—--l H -lll- [l :

1999 2002 2005 2008 2011 2014 2017 2020 2023
Commercial Online Year

B oOperating | Planned

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.




Energy + loss + congestion = LMP price

» Wind generation is intermittent but can impact
congestion on the grid

* Wind speed has the strongest correlation with
congestion prices in MISO

» There is also a positive relationship between wind
generation and the number of constraints in MISO

Correlation matrix from

Correlation 3
Post Event Analytics
Data Categores: Price Type: Legenc:
Al cotegones v Resl Time
Energy Congestion
Vanatie LMP (Sslectea) IMP (Rl (Selected) Encrgy (Full (Satacted)

Wind Speed Actas!

Ragional Wind Ganaration Actual MW
Wind Spaed Forecast

Regions! Wind Generstion Error MW
Regronal Wind Generation Forecast MW
Total Coaf Ganaration Actuzl MW
Regionsl Coal Generation Forecast MW
Regional Coal Generation Actual MW

Regional Other Genscation Actuat MW

Total Coat Gerseation Forecast MW
Regansl Other Generstion Forecast MW
Regional Percent Errar

Total Other Gansration Actual MW
Totsl Cost Generstion Percent Ermer
Total Other Generation Forecast MW
Total Cosi Generation £rror MW

Ragronal Wat

ation Erce MW

Damirmal Wabar (Zanaratinn Darsant Frons
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Real Time LMP Components $/MWh

ST 1 Wind generation and pricing over S
time from Post Event Analytics
w3 oo Yot ! - .-,.:N«w . B el o
=

Wind / Forecast / Actual / Error %
[ Wind Generation vs Co.unt of System Constraints

30 5 i
Wind gen vs constraints | . .

=25 from Velocity Suite o
;-9 . o~
220
o
z
Q
% 15
w 10

5

0 2,000 4,000 6,000 8,000 10,000 ""15,000 .14,000 16,000 18,00
Generation
@ series1 —— Polynomial Regression

LMP (Selected) LMP (Full) Energy (Selected) Energy (Full) Congestion (Selected) Congestion (Full)

https://search.abb.com/library/Download.aspx?DocumentID=9AKK107492A9735&LanguageCode=en&DocumentPartld=&Action=Launch

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.


https://search.abb.com/library/Download.aspx?DocumentID=9AKK107492A9735&LanguageCode=en&DocumentPartId=&Action=Launch

Machine learning viability checklist \w@ﬁ ¢ IEEE

J What is your goal ?

J Do you need machine learning to accomplish this goal ?
J po you have relevant data? How much?
J Do you have domain knowledge?

J How is your data stored and organized ? Very Important

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Case study: MISO LMP price forecast Sy

Midcontinent «

Independent %"—'? MISO

System Operator

Headquarters: Carmel, Indiana, United States

1 “Locational marginal price” : DAH & RTH
d Represents the cost of buying and selling

electricity at various points on a transmission

system

As a simplified example : LMP

® 100 MWs at 12 today on the day-ahead market.
® 12 today rolls around, demand is actually 105 MWs,
® Additional 5 MWs on the real-time market.

Real-time market prices are generally more volatile than day-ahead market prices.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



https://www.google.co.th/search?safe=strict&q=midcontinent+independent+system+operator+headquarters&stick=H4sIAAAAAAAAAOPgE-LSz9U3MDI3qyjL1dLKTrbSzy9KT8zLrEosyczPQ-FYZaQmphSWJhaVpBYVL2I1zc1MSc7PK8nMS80rUcjMS0ktSAUSQHZxZXFJaq5CfkFqUWJJfpECsj4AHuhsnnIAAAA&sa=X&ved=2ahUKEwiAj5qgtJ7vAhXv4XMBHaBACZsQ6BMoADAiegQINRAC
https://www.google.co.th/search?safe=strict&q=Carmel,+Indiana&stick=H4sIAAAAAAAAAOPgE-LSz9U3MDI3qyjLVeIAsYtzyqu0tLKTrfTzi9IT8zKrEksy8_NQOFYZqYkphaWJRSWpRcWLWPmdE4tyU3N0FDzzUjIT8xJ3sDICANkbo75ZAAAA&sa=X&ved=2ahUKEwiAj5qgtJ7vAhXv4XMBHaBACZsQmxMoATAiegQINRAD
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LMP components

u Comprised of three elements: energy, loss, congestion

J Energy + loss + congestion = LMP price

Transmission Cost of
Congestion Marginal
Cost Losses

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Why forecast LMP ?

d Help generators to optimize dispatch, operations efficiency,

bidding strategy etc.
L Prices can drive transmission investment, grid improvements

(L Benefit traders looking to provide liquidity by exposing arbitrage

in the market

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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TEXAS.HUB

RT LMP price

TEXAS.HUB - MISO
100

Price $/MWh

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Pricing events

RT LMP price
TEXAS.HUB - MISO
100 Q®
80
e Not a normal pattern

60 ®
£
= —— LMP price
: O outliers
o
£ 4

n
20 L\_/\A—-\/\/\_ﬁ\_\J
0
QD\DN °9~91 QQND" @9‘ 09‘\9‘, Q'Q\pb Q’Q\»‘\ Q»'\'Qﬁ Q‘e'pq °9N > 09\\‘»
'91 ‘P"' ‘p'b ‘é\ ‘P'b "91 ‘9’\' ‘9"» ‘9“\« '9‘\« é\-

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Event classification yes/no '

alie
value

12:00 0
13:00 1
events
14:00 0
15:00 0
16:00 1

The event is about what happened to trigger the Outlier which shall be
classified. Event can be considered as price spike, price upward, price value

and price range. The predicted values are related to and/or LMP itself.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Event classification w/ direction

aive
value

12:00 0

13:00 1 «——— positive event
14:00 0

15:00 0

16:00 A1 negative event

Showing negative and positive show clearly on positive trend or

negative trend. Prices & Conditions

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Point forecast

alie
value

12:00 25 ]
13:00 60
14:00 20 — single point values
15:00 18
16:00 10
MW -

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Prediction distribution

aiie
value

—_—
12:00 20-30
13:00 40-80

Ranges of values,
14:00 16-24 . . .

often associated with levels of confidence
15:00 15-21
16:00 8-14

—
MW

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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What affects price ?

RT LMP price
p— TEXAS.HUB - MISO
1000
800
F
§ 600
>
b
&
400
200
0
N & g ' o & g ' o & ; & 0”'
A’ A / & & @ S o o o
S S + - + + S S + S
Date

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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What affects price ?

J Weather

J Load
D Generation

 Fuel prices

J Transmission outages/constraints

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Historical data

RT LMP price
TEXAS.HUB - MISO
1200
1000
Three years of hourly data

800
F-

§ 600
@
g
&

400

200

0

g & &> & & ; o e & : &» e :
,p'i‘ s "P‘{\ S 19\“’ ,19'»”9 ,9‘\'* 'Ps“ ,px“ ,9'9

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



( ¢IEEE

Power & Energy Society®
Why state is important
Percent of total generation by fuel type
MISO w
—— Coal
07 —— Natural Gas [°©
. —— Nuclear
~30% decrease in coal gen —— Wind
over six year period \
06 S
?
c 05 S
2
g ‘e
[ o
g .
04 S
®
s F3 6
5 e
c 03 o
g V\~| §
& /\/\/\/ zg
02 S
01 M
00 0
S S S S S S S
,P{,'\ _P‘\‘} ,9\ A _Q\ \ ,p\“x ,9\ > ,p‘?x
Year-month

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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What affects price ?

J Weather

J Load
D Generation

 Fuel prices

Difficult to get results,

. Transmission outages/constraints  pg; s required.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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What constraints are binding ? e

A binding constraint is one where some optimal solution

is on the line for the constraint.

‘!'
1
p
; S
o
, g
{
(A 5
A

_constraints

HOUSTON

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Interpreting congestion

RT LMP price
TEXAS.HUB - MISO
100 ®
Possible results of congestion
80
®
60
s
= —— LMP price
: O outliers
g w
)
20 L\./\A_"/\A.ﬁ\—\__)
0
S 3 < H Q £
«pr v&p 5»9 e’p‘ Q_gsp stpb 09'\ prp 06» ¥ 9‘6\
'é\- 'ét ‘9‘1, 'é\- ‘P’L ‘P’t 'él 'él 'P'\r ‘é\, '9‘\,
Date

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Constraint clustering

o Group3
¢ oo )
oo °£8°@ o%

2% $<8°

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Constraint clustering

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Example prediction output w/Day-Ahead

comparison

RT LMP forecast: TEXAS.HUB
feature set: (1, 0, 0), 40.0% dropout, 2000 iterations

1001 ~——— 95% prediction interval
80% prediction interval
60% prediction interval

= RTH

1 ---- DAH

60 B
[}
o
—
(-8
[« 9
2 40/
20 4
o 4
0 50 100 150 200 250
timesteps

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Real Applications for

Machine Learning in Energy

Additional Use Cases




Additional Use Cases

Load Forecasting

L Load is the key driver for long-term
investment and short-term operations

L utilities have top priorities of safety,
reliability and economic electricity

L A short-term change in load impacts
grid frequency, impacts generator
responses, causes price changes, and
more

L The more accurately a utility can
forecast load, the better they can
dispatch generation resources to meet
that load while maintaining these
priorities

O There are many companies
internationally that use
NOSTRADAMUS to forecast load

(epes | QIEEE

Power & Energy Society®

Nostradamus

Short-term renewable, m
—o . demand and price
~forecasting.

Tsting_Today ‘

Profile MAPE MPE As Min Exr Abs Max Err Min % Err

VYT
R an
oy \’}‘UM“"J‘V‘V'“‘.‘P'

A A ‘\u
| A \
AR

j ‘-" V \" \ ylﬁ.ﬁjlv 1'

The load duration curve is an excellent starting point for ensuring that the
newly-constructed model properly meets the peaks and valleys of the

respective load patterns.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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The energy industry’s premier analytical source for energy information
Sample Velocity Suite data analysis
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Velocity Suite automates
complex data collection,
aggregation, proofing, and
normalizing that are the
prerequisites of sound
analysis. That means
analysts can focus on
analyzing data, not
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Ref : Velocity Suite Applications for Machine Learning in Energy.




Sample EV Power data analysis Sample EV Energy Map data analysis Sample EV Market Ops data analysis
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Ref : Velocity Suite Applications for Machine Learning in Energy.



Sample EV Fuels data analysis
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Case Study : EDF Renewables North America R

Ty BT

Velocity Suite enables
companies to quickly
evaluate the activities
of market participants
and industry
dynamics across
commodities using a
single integrated
solution.

https://lyoutu.be/aPGYDmMrTEWg

Easily visualize and communicate power flow on a geographical map

“Our energy market big data and scenario softwares have turned into a leading support for any
renewable project developers preparing bids into tenders, informing PPA negotiations, raising
project debt and equity and prioritizing the right sites wherever alternatives are still available”

Ref : Velocity Suite Applications for Machine Learning in Energy.
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J Grid frequency monitoring

Power frequency disturbances (T&D), make dispatch decision using ML

71 \ Grid Stabilization

: : -:6:- F'y Absorb power
X O, - 50.02

| P — : H #m i 50.00
it d . 49 93
; T

Y ——e: i 11
SR o S ! - . (B gg Energy
gosessess . <_=:” =/ hord - stored
n§ s . °B§ in BESS

g g—ni T - g—ni l} Charge Discharge ..t [sec]

=-

Fast Stability Enhancement of Inverter-Based Microgrids using Machine Learning Techniques

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Alinta Newman 30MW / 8BMWh BESS @Es

How do we switch off the last generator? B e i

M[m Analytics % Optimizer A@\ Manage

AUSTRALIAN A Last gas turbine trips off — simulated vs. actual response

ENGINEERING

Single Line Diagram

e @
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Newman : s i | mmas s |
< ) Roy Hill B D e T T P 1
33kV B S - 1 . B - 1
_@_ 120 k sl [ Ep——— 1 0100 He
m * ! ! ! ! :
[ 5 : o 1037 1228 152 W75 1 1333
8 @_ 220 kV ? Mlne — G 6 KN - B Electical Frequency in Ho
:é load SO0 4 :
3 S0.00 3
: oD I
g > Mine A0 | ——— Fieq {Hz)_BSS
! —— Freq |Hz)_Taline
N load 470 i —— Freq (Hz)_RH
- ! = = = nPw (W] _BSS
33 kV 4280 1 H = = = A [MW]_Talire
49,50 E = = = APwr (MW]_RH
30 MW — :
_L = 2 A 2 2 =] a a 4 g
— = B =1 B B 2 ] B ] B
T I3 AL F £ z 4 £ £ z g z £

Ref : Grid Forming — BESS in Australia

Virtual Synchronous Machines are critical to allow Synchronous Machines to switch off

In the control community, learning dynamic models is a system identification problem. Essentially, machine learning and system
identification are all about inferring models from data. Both rely on optimization.
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(J Grid Asset Health

Asset Performance Management (APM) : Predictive, prescriptive, prognostic, using ML

H Critical
) transformgr

i

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Risk of Failure Confidence Based On Available Data (Substation Transformers)

X 100 —}
% 90 Stage 1: Nameplate information, full
2 80 DGA and oil quality parameters
g 70 / Stage 2: Includes Level 1 plus loading, power
‘S 60 / factors and accessory information
50
2 40 / Stage 3: Includes Level 2 plus physical condition,
E 30 / protection condition and history
% 20 Stage 4: Includes Level 3 plus comparative data,
2 10 design info, through fault info, reclosing
8 o __.—-/ practice, environmental risks and spares
©  Available data , > )
Increasing amount Stage 5: Includes Level 4 plus special test results,

GIC susceptibility (requires on-site
assessment by transformer experts)

Stage 1
Stage 2
Stage 3
Stage 4
Stage 5

FirstEnergy, headquartered in Akron, Ohio, includes one of the United States’ largest investor-owned electric systems with more
than 24,000 miles of transmission lines and a diverse generation fleet with a capacity of nearly 17,000 MW. Its 10 regulated
distribution companies serve six million customers in the Midwest and Mid-Atlantic regions.

Ref : FirstEnergy’s experience and lessons learned on the journey to data-driven, condition-based asset management with Lumada APM
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Ameren also recognized the need to move from traditional time-based maintenance

methods to a more cost-effective, risk based maintenance program.

Ameren lllinois had
entered more than
2,000 transformers
into Lumada APM.

Especially with

“The asset models built into APM software enable us to their oldest
reduce ineffective time-based practices and maximize transformers in
resources, eliminating a huge backlog of data input for
our maintenance engineers.”

operation for more

Donald Borries

Supervising Engineer of Substation Maintenance t h a n 40 yea rS .

Ameren lllinois

Ameren lllinois delivers energy to 1.2 million electric and 816,000 natural gas customers across a service territory covering more
than 1,200 communities and 43,700 square miles. Ameren lllinois is the state’s second-largest regulated energy company and the
only utility in the state delivering both natural gas and electricity.

Ref : Ameren Illinois s experience and lessons learned on the journey to data-driven, condition-based asset management with Lumada APM
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Identify Grid Infrastructure in Satellite Imagery
Analyze the shape of equipment/infrastructure using ML

to identity the type of equipment.

Hitachi Vegetation Manager Pilot Systems in Scope

ﬁ Al Conflict Prediction ﬁ n
N
«— 1
e ' Height  Health & Growth Shape

=
:

Field Pﬂtml Vegetation Detection & Mﬂdellng

Field Pla nner Cut Plﬂn ner

Maintenance

Scopes & Packages | _

KH
R= 2

It recommends ground sample distance of
30 cm, pan sharpened to 15 cm for accuracy and precision.

Ref : Manage tree growth before they cause power outages / Optimize mitigation efforts against vegetation risks
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Identify Grid Infrastructure in Satellite Imagery @Eﬁ

Predicts emergent risks, optimizes cut plans & provides a sole source of truth for vegetation data

Integrations & Data Direct Control Over Maxar Satellites
Cut Planner Field Planner Field Patrol
Web-Based A iOS Mobile A iOS Mobile A ..
. e . oy . = The proof isin
designed for vegetation designed for contractor designed for contractor or )
managers “at HQ” to crews, arborists, or mutual aid crews the sustained
visualize all data from all general forepersons to performing patrols or increase in U.S.
angles, capturing risks, manage work, parcels, damage assessments for
) : : : ; power outages over
growth conflicts, workas- hazard trees, capture job quick reconnaissance andin-
signments, jobprogress, site ('1ata, and track crew put into planning the last decade,
costs, andoverall program and job progress. processes. exacerbated by
metrics. prolonged growing

seasons and
downed trees, due
to an increase in the
force and frequency
of extreme weather
events.

Ref : Manage tree growth before they cause power outages / Optimize mitigation efforts against vegetation risks


https://www.eia.gov/todayinenergy/detail.php?id=54639
https://www.eia.gov/todayinenergy/detail.php?id=54639
https://www.eia.gov/todayinenergy/detail.php?id=54639

4 IEEE

Additional Use Cases KW

. Extract information from reculatory documents

Related to the natural language processing which involves translation and
speech. Instead we use ML to find the keywords and extract such

requirement information.

L Smart home thermostats (Nest, Ecobee)

Nest devices use digital signals to learn about your preferences (seven

, 4
FRIDAY
/ 12A 4A 8A 12P 4P 8P

days, Using ML)

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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New Digital Power Grid Center leverages Quebec’s | @ES
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academic and technology leadership in fields critical to

the future of energy

Hitachi Energy announced the establishment of the Digital Power Grid Center, an R&D
facility, within the company’s in Montreal headquarters, focused on Al, machine learning and
cybersecurity as they relate to the energy industry.

The center will be the company’s seventh research location, joining its R&D centers in China,

Poland, Sweden, Switzerland, Germany and the USA.

Artificial Intellig/énce and Autonomysfor Energy
Systems




Technical Report : PES-TR112 @Es < IEEE
IEEE Power & Energy Society TECHNICAL REPORT Machine leamning (ML) is one of the
September 2023 PES-TR112 emerging technologies for implementing

the next generation smart grid. In recent
@&s 9 IEEE years, the PES community has
Practical Applications of witnessed significant efforts to explore
Artificial Intelligence and the potential of machine learning for
Machine Learning in Power
System Protection and solving  complex  power  system
Control

problems. Applications cover almost
PREPARED BY THE

Power System Relaying and Control Committee
Subcommittee C — System Protection

s C S every area within the interest of PES,

including  generation,  transmission,
distribution, microgrid and customers.

Also, researchers have been exploring

physics-informed, performance-
guaranteed, or  explainable ML

© IEEE (YEAR) The Institute of Electrical and Electronics Engineers, Inc. tec h Ni q ues fO r powe r SySte mSs.

No part of this publication may be reproduced in any form, in an electronic retrieval system or otherwise, without the prior written permission of the publisher.




Technical Reports & Applicable Papers or Presentations @ES 9 IEEE
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e “2021 IEEE Workshop on Machine Learning for Power Systems”
Fangxing Fran Li, Jin Zhao, Junbo Zhao, Pengwei Du, Spyros Chatzivasileiadis, C.Y. Chung, Anurag K. Srivastava, Nov. 2021

¢ “Generative Adversarial Networks-Based Synthetic PMU Data Creation for Improved Event Classification”
X. Zheng, B. Wang, D. Kalathil and L. Xie, IEEE Open Access Journal of Power and Energy, vol. 8, pp. 68-76, 2021

¢ "Safe Reinforcement Learning-Based Resilient Proactive Scheduling for a Commercial Building Considering Correlated Demand Response”
Zheming Liang, Can Huang, Wencong Su, Nan Duan, Vaibhav Donde, Bin Wang, and Xianbo Zhao, March 2021

e "Fully Decentralized Reinforcement Learning-Based Control of Photovoltaics in Distribution Grids for Joint Provision of Real and Reactive Power”
R. El Helou, D. Kalathil and L. Xie, vol. 8, pp. 175-185, 2021

¢ "Model-Based and Data-Driven HVAC Control Strategies for Residential Demand Response”
Xiao Kou, Yan Du, Fangxing Li, Hector Pulgar-Painemal, Helia Zandi, /in Dong, and Mohammed M. Olama, vol. 8, pp. 186-197, 2021

e “Novel Data-Driven Distributed Learning Framework for Solving AC Power Flow for Large Interconnected Systems”
Bharat Vyakaranam, Kaveri Mahapatra, Xinya Li, Heng Wang, Pavel Etingov, Zhangshuan Hou, Quan Nguyen, Tony Nguyen, Nader Samaan, Marcelo Elizondo,

and Todd Hay, vol. 8, pp. 281-292, 2021
e “A Meta-Learning Approach to the Optimal Power Flow Problem Under Topology Reconfigurations”

Yexiang Chen, Subhash Lakshminarayana, Carsten Maple, and H. Vincent Poor, vol. 9, pp. 109-120, 2022
¢ "Human Mobility-Based Features to Analyze the Impact of COVID-19 on Power System Operation of Ireland”
Negin Zarbakhsh, M. Saeed Misaghian, and Gavin McArdle, vol. 9, pp. 213-225, 2022
e “Decomposition-Residuals Neural Networks: Hybrid System Identification Applied to Electricity Demand Forecasting”
Konstantinos Theodorakos, Oscar Mauricio Agudelo, Marcelo Espinoza, and Bart De Moor, vol. 9, pp. 241-253, 2022
¢ “Application of Big Data Analytics and Machine Learning to Large-Scale Synchrophasor Datasets: Evaluation of Dataset ‘Machine Learning-Readiness™
Philip Hart, Lijun He, Tianyi Wang, Vijay S. Kumar, Kareem Aggour, Arun Subramanian, and Weizhong Yan, vol. 9, pp. 386-397, 2022
¢ “Deep Reinforcement Learning-Based Robust Protection in DER-Rich Distribution Grids”
Dongqi Wu, Dileep Kalathil, Miroslav Begovic, Kevin Q. Ding, Le Xie, 24 March 2022
¢ "Federated Learning for Short-term Residential Load Forecasting”
Christopher Briggs; Zhong Fan, Peter Andras, 12 September 2022
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for electric power professionals

Electricity Price
Forecasting

The Dawn of Machine Learning

Intelligence for
Load Forecasting

- . M ARTIFICIAL INTELLIGENCE(AI) HAS FOUND MANY
H]StOI Y’ IHUSIOHS’ applications in today’s world. such as computer vision for
% T self-driving cars, sj h recognition for personal assistants,
an (! OIJPCN tunities and algwiﬁ!m dcsi;’:cfcol s(r::cggy gnmingmnu. Although
enjoying the convenience that Al has brought to our daily
lives. people may be wondering when and how it started

and evolved.
Al has gone through several waves since conceptualiza-

By Arkadiusz Jedrzejewski, Jesus Lago,

B}’ Tao Hong tion in the 1940s. One of the first commercial Al applications Grzegorz Marciasz and Rafat Weron
and Pu Wang was in the power industry, where artificial eural netwocks 4
(ANNs) were practically used for short-term load forecast-

ing in the 1990s. During the past three decades. the research

Dipitad Ofect Menifier 10.110WMPE. X002, 3150809

iy b publ ok load K & Duate o cxrrent versian: 19 Ape
Dvwisad Ofject Mentifies J0.1)0WMPE. 2022 3156808 papers that promote Al-based models, many of which have
S e originated from or resulted in illusions (misunderstandings. 2 ier power & energy magazine 1540-7977/22020221EEE may/june 2022

14 IEEE power & energy magazine 1540-7977/22520221EEE may/june 2022
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Machine Learning
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to Trust It?
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By Spyros Chatzivasileiadis,
Andreas Venzke,

Jochen Stiasny,

and Georgios Misyris

s ComeesT:

WE EXPERIENCE THE POWER OF MACHINE LEARNING
(ML) in our everyday lives—be it picture and speech rec-
ognition, customized suggestions by virtual assistants, or just
unlocking our phones. Its underlying mathematical princi-
ples have been applicd since the middle of the last century
in what is known as statistical learning. However, the enor-
mMous 1ncrease i'\ cnmpulalinnal pG“‘CL even in devices as
small as a smartphone, has enabled significant advances and
wide adoption of ML in ncarly every part of our lives and the
scientific world.

Still. despite the large body of academic literature on ML
approaches for power system operation during the past 30 years.
there is only an extremely limited set of approaches that has
found application in practice. From them, the vast majonity is
related to load forecasting, such as the Artificial Neural Net

may/june 2022

2

@res | QIEEE

Power & Energy Society®

Demonstration of
Intelligent HVAC
Load Management

With Deep
Reinforcement

Learning

By Yan Du, Fangxing Li, Kuldeep Kurte,
Jeffrey Munk, and Helia Zandi

BUILDINGS ACCOUNT FOR 40% OF TOTAL PRIMARY
energy consumption and 30% of all CO, emissions world-
wide. A large portion of building energy consumption is duc
10,_heating, ventilation. and air-conditioning (HVAC) sys-
tems. In the summer. for example. more than 50% of a build-
ing’s electricity consumption is used for cooling. With proper
cnergy management. buildings can provide load shifting.
peak shaving, frequency regulation, and many other demand
FESPONSE SCrViCes.

Many existing approaches for building energy manage-
ment are model based and require the modeling of the complex

IE£E power & energy magazine

thermal dynamics of the HVAC system and its interaction
with the ambient eavironment. The development of such a
model may introduce measurement and prediction errors,
which may undermine the control performance. In addition,
models developed for one building may not generalize well for
other buildings or unseen operation environments.

In contrast to the model-based approaches. model-free
algorithms require no prior knowledge of the physical
model. such as the thermal-dynamic model in the HVAC
control case: rather. they learn the model through estimation
and exploration. One representative model-free approach is
reinforcement learning (RL). As shown in Figure 1. an agent
(c.g.. a demand response controller) interacts with an envi-
ronment (for instance, the building). At each control time

1540-7977/22520221EEE may/june 2022



Volume 20 « Number 3 » May/lune 2022 ﬁEE
@Pes

Power & Energy Society®

4 IEEE

Power:

Clustering
Electricity
Consumers

Challenges and Applications

for Operating Smart Grids

Data-Driven
Dynamic Modeling
in Power Systems

A Fresh Look on Inverter-Based Resource Modeling

TR A

»
O

o ji

5 . 1y 8 By Lingling Fan, Zhixin Miao, Shahil Shah,
By Andrés M. Alonso, Eduardo Martin, Alicia Mateo, Przemyslaw Koralewicz, Vahan Gevorgian, and Jian Fu
Francisco J. Nogales, Carlos Ruiz, and Andrea Veiga

Digitad Oyt Mdennifier WMPE 2022 3150826
Daase of 19 Apet 2022
54 IEEE power & energy magazine 1540-7977/22020221EEE may/june 2022

64 IEEE power & energy magazine 1540-7977/22520221EEE may/june 2022




@Es

9 IEEE
What we’ve learned from ML ——

(L set deadlines for research and experimentation early on

. Establish proper baseline tests

u Complex systems are difficult to predict

J Machine learning models perform niche tasks well and deteriorate as tasks
become more general

. Machine learning models should most often be used to augment human
decisions, not replace them

] Have realistic expectations for implementing machine learning systems

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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Conclusion

J Domain expertise provides a big boost to machine learning development

L Quality data is a MUST (garbage in, garbage out)

J Machine learning models aren’t going to solve everything

(but they can make our lives easier)

 vour goals drive everything

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.
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